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Rural highwaysCrash Prediction Models (CPMs) have been used elsewhere as a useful tool by road Engineers and Planners.
There is however no study on the prediction of road trafﬁc crashes on rural highways in Ghana. The main
objective of the studywas to develop a predictionmodel for road trafﬁc crashes occurring on the rural sections
of the highways in the Ashanti Region of Ghana. The model was developed for all injury crashes occurring on
selected rural highways in the Region over the three (3) year period 2005–2007. Data was collected from 76
rural highway sections and each section varied between 0.8 km and 6.7 km. Data collected for each section
comprised injury crash data, trafﬁc ﬂow and speed data, and roadway characteristics and road geometry data.
The Generalised Linear Model (GLM) with Negative Binomial (NB) error structure was used to estimate the
model parameters. Two types of models, the ‘core’model which included key exposure variables only and the
‘full’ model which included a wider range of variables were developed. The results show that trafﬁc ﬂow,
highway segment length, junction density, terrain type and presence of a village settlement within road
segments were found to be statistically signiﬁcant explanatory variables (pb0.05) for crash involvement.
Adding one junction to a 1 km section of road segment was found to increase injury crashes by 32.0% and
sections which had a village settlement within themwere found to increase injury crashes by 60.3% compared
with segments with no settlements. The model explained 61.2% of the systematic variation in the data. Road
and Trafﬁc Engineers and Planners can apply the crash prediction model as a tool in safety improvement
works and in the design of safer roads. It is recommended that to improve safety, highways should be
designed to by-pass village settlements and that the number of junctions on a highway should be limited to
carefully designed ones.
© 2011 International Association of Trafﬁc and Safety Sciences. Published by Elsevier Ltd. All rights reserved.1. Introduction
Road Trafﬁc Crashes (RTCs) continue to be a major socio-economic
problem for most developing countries [1,2]. In Ghana, it has been
estimated that, road trafﬁc crashes cost the nation 1.6% of its Gross
Domestic Product [3]. Research on road trafﬁc crashes have shown
that crash severity tends to be mostly higher on rural highways than
on urban roads [4–6]. During a three year period 2005–2007, a total of
21,709 injury road trafﬁc crashes occurred in Ghana resulting in
48,605 casualties and yet these ﬁguresmay have been higher if under-
recording and non-reporting which have been established to be
considerable [7] were accounted for in the data. The statistics further
indicated that crashes in the non-urban environment (mostly on rural
highways) accounted for about 70% of all road trafﬁc fatalities. It is
also evident from the data that whilst fatalities on roads in urban
settlement areas follow a gradual upward trend, that for the non-
urban areas follow a steep trend [4].h).
ssociation of Trafﬁc and Safety ScieCrash Prediction Models (CPMs) have been used elsewhere as a
useful tool by road Engineers and Planners. Fletcher et al. [8] found
that due to wide differences in trafﬁc mix, road quality, design and
road user behaviour, it would be neither valid nor useful to apply
simplemultiplicative factors or even devise more complex conversion
formulae for models developed elsewhere for another country. In
Ghana, Salifu [9] developed a crash predictionmodels for unsignalised
urban junctions. Afukaar and Debrah [10] also developed models for
predicting crashes for signalised urban junctions. However, there is no
study on predicting crashes on rural highways in Ghana.
The study was carried out in the Ashanti Region, the most
populous and third largest in terms of land area (24,390 km [2]) of
the ten administrative Regions of Ghana. The population of the Region
is projected to be about 5,000,000 inhabitants [11] and lies
approximately at the centre of the country. The Ashanti Region is
one of the Regions with above average Public Health Risk (PHR) of
road trafﬁc crashes with a fatality index of 8.8 fatalities/100,000
population per year as against a national average of 8.5 fatalities/
100,000 population per year [12].
The objective of the research work was to develop a crash
prediction model to identify contributory factors that are likely to
affect injury crashes on the rural highways in the Ashanti Region ofnces. Published by Elsevier Ltd. All rights reserved.
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injury over a three (3) year period 2005–2007 on selected rural
highways in the Ashanti Region of Ghana. Damage only crashes were
not included in the study because of the high level of under-reporting
associated with this type of crashes in Ghana [7]. In this report, a rural
highway is deﬁned as a highway passing through the non-urban
environment i.e. passing through the village (population of not more
than 5000 inhabitants) and rural non-settlement areas.
2. Literature review
Substantial research has been conducted over the years on the
development of Crash Prediction Models (CPMs) for highway facilities.
From the extensive review of literature, the elements considered in this
chapter have been identiﬁed to benecessary for anymodel development.
2.1. Model form
Miauo and Lum [13] investigated the statistical properties of two
conventional linear regression models and identiﬁed potential
limitations of these models in developing vehicle crashes and
highway geometric design relationships. It was demonstrated that
the conventional linear regression models lack the distributional
property to describe adequately random, discrete, non-negative, and
typically sporadic, vehicle crash events on the road. Several other
literatures have supported the unsatisfactory property of ordinary
linear regression models in developing vehicle crashes, trafﬁc ﬂow
and highway geometric design relationships [14–16].
Currently, Generalised Linear RegressionModel (GLM) is used almost
exclusively for the development of Crash Prediction Models [17–20].
Sawalha and Sayed [17] said themathematical form used for any CPM in
the framework of GLM should satisfy the following conditions: yield
logical results and there must exist a known link function that can
linearise the model for the purpose of coefﬁcient estimation.
2.2. Error structure
The occurrences of vehicle crashes are discrete random events.
That is, the number of vehicles involved in crashes on a given road
section during a period of time is probabilistic in nature. Researchers
in this ﬁeld say the GLM assumes an error structure (probabilistic
structure) that is used in the data generation process (crashes). This
distributional assumption is also used to obtain tests and conﬁdence
statements about the estimated regression coefﬁcients.
According to Lord et al. [21] a crash is in theory, the result of a
Bernoulli trial. From literature, the appropriate probability model that
accounts for a series of Bernoulli trials is known as the binomial
distribution [21,22]. For typical motor vehicle crashes which are rare
and therefore the event has a very low probability of occurrence and a
large number of trials exists, the binomial distribution is approxi-
mated by a Poison distribution. However, one limitation of the Poisson
distribution is that the mean is assumed to be equal to its variance.
Many previous studies have found that crash data tend to be over-
dispersed in many situations with the variance being signiﬁcantly
higher than the mean. In such cases, any inferences made based on
Poisson model estimation may lead to wrong conclusions. As a result
of this, many researchers recommend using alternative methods such
as Negative Binomial distribution which does not require the equal
mean and variance assumption [13,14,20,21].
2.3. Model goodness of ﬁt assessment
Researchers in this area have identiﬁed two major statistical
measures used in assessing the goodness of ﬁt in both Poisson and
Negative Binomial approaches. These are Pearson Chi-square statistic
and Deviance.Tomeasure the overall goodness-of-ﬁt in linear regressionmodels,
the coefﬁcient of determination, R-squared is often used. The ordinary
R-squared cannot be used for Poisson and Negative Binomial models
because R-squared is maximised by ordinary least squares whiles in
the Poisson and Negative Binomial models, the Maximum Likelihood
estimation method is usually used. FridstrØm et al. [23] developed
several alternative goodness-of-ﬁt methodologies for generalised
Poisson regression models. Miaou [24] also investigated different
approaches to calculate R-squared values for different regression
techniques using different distribution assumptions including Poisson
and Negative Binomial.
2.4. Outlier analysis
Data collected may contain odd or extreme observations called
outliers either because errors took place during data collection and
recording or they are really different from the rest of the data [17].
These extreme observations may have effect on the model equation if
not managed well. Outlier analysis could be carried out to identify
these inﬂuential observations. However, Sawalha and Sayed [17]
emphasised that excluding inﬂuential outliers from the development
of a crash model is not synonymous with neglecting these outliers or
removing them from the database. Rather, they should be investigated
to determine what makes them different and whether any informa-
tion can be extracted from them.
2.5. Selecting the model explanatory variables
According to Sawalha and Sayed [17] model generality requires
that a model be developed in accordance with the principle of
parsimony, which calls for explaining as much of the variability of the
data using the least number of explanatory variables. Deciding on
which variables to include in a model is a multi-step process. First,
variables believed to relate to the phenomenon in question have to be
determined. This is usually based on previous studies, experience and
engineering judgement based on available information [17,25]. The
manner in which these variables will be used in the model must also
be determined. Last is the statistical determination as to which
variables should remain in the model. Many studies have suggested
that the t-ratio of its estimated parameter should be signiﬁcant at the
95% conﬁdence level, i.e. p-values b0.05[17,19,20,25].
2.6. Delineation of road sections
Miaou and Lum [13] considered two (2) methods, i.e. ﬁxed-length
sections, or homogeneous sections. They found out that, short road
sections had undesirable impacts on the estimation of their linear
regression models. Longer sections were, therefore, suggested to be
preferred. However, given that most of the curved and graded
sections were relatively short, the analysts oftentimes were unable to
ﬁnd a sufﬁcient number of long and homogeneous road sections,
which exhibitedwide enough variations in geometric design variables
to study the relationships. To overcome this problem, many analysts
according to Miaou and Lum [13] have chosen to keep long road
sections and not to insist on having homogenous road sections.
Resende and Benekohal [26] reached the conclusion that, to get a
reliable crash prediction models crash rates should be computed from
0.8 km or longer sections.
3. Methods for data collection
3.1. Range of data collected
Variables believed to relate to crashes on rural highways were
identiﬁed. This was primarily based on literature and engineering
judgement based on available information and exploratory analysis.
Table 3.1
Road characteristics and geometric data collected for the study.
Variable description Range of values
Categorical data
Terrain type 0=Hilly/Rolling; 1=Flat
Road marking 0=Absent; 1=Present
Shoulder 0=Absent; 1=Present
Should type 0=Unpaved; 1=Paved
Village settlement within road segment 0=Absent; 1=Present
Road surface type 0=Surface dressing; 1=Asphalt
Continuous data
Length of section 0.8 km–6.7 km
Carriageway width 7.0 m–7.8 m
Shoulder width 1.0 m–2.5 m
Junction density within segment 0–1.7 per km
Access density within segment 0–17.5 per km
Horizontal curves density within segment 0–6.4 per km
Vertical curves density within segment 0–3.6 per km
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data (for a 3 year period, 2005–2007), trafﬁc ﬂow data, vehicle speed
data, road characteristics and road geometry. The study was approved
by the Institutional Review Board (IRB) of the Kwame Nkrumah
University of Science and Technology, Kumasi, Ghana.
3.2. Selection of road corridors
An extensive reconnaissance survey was carried out to identify
suitable sites fromwhich the sample of sites for the studywasdrawn. The
road sections from which the samples were drawn were all two-lane
single carriageway rural segments of road. Stratiﬁed random sampling
technique was used in the road selection process in order to select
segments from the population to include roadways from the three (3)
different highway categories namely: national roads, N (which link
regional capitals to the national capital); inter-regional roads, IR (which
link regional capitals to one another); and regional roads, R (which link
the district capitals to the regional capitals) so as to avoid bias.
Only road sections which had not undergone any modiﬁcation
during the period (2005–2007) for which crash data were studied
were included in the sample. Since the objective of the study was to
establish the effects of the different variables on crashes, selection of
segments were done in order to achieve variety in trafﬁc volumes,
speeds, road characteristics and geometry.
3.3. Selection of road links
A total of fourteen (14) road corridors were selected for the
project. These road corridors were subdivided into seventy-six (76)
links and studied for the purpose of model development. Links were
either taken as between two major junctions, between two towns,
between a junction and a town or between a junction or town and any
major landmark, for example, a river/bridge.
Thirty-one of the sites representing 40.8% were on National Roads,
whilst 21(27.6%) were on Inter-Regional Roads and 24 (31.6%) were
on Regional Roads. The total road length considered was 186.3 km
long with National Roads, Inter-Regional Roads and Regional Roads
constituting 41.3%, 31.4% and 27.3% respectively.
3.4. Road trafﬁc crash and trafﬁc ﬂow data
In Ghana, information on road trafﬁc crashes is available at the
Building and Road Research Institute (BRRI). The database is compiled
from police ﬁles using a standard crash report form. This form includes
information about the crash location, the vehicle(s) and casualties
involved. Most of the information has been coded and stored in
computers at the BRRI using the Micro-computer Accident Analysis
Package (MAAP) software. For the purpose of this study, the relevant
information for each crash was the location and date. Crash data were
retrieved and analysed with the help of the kilometre analysis facility
available in theMAAPsoftware. A total of 301 crasheswere recordedover
the period 2005–2007 on road links considered in the study of which
50.8% occurred on roads classiﬁed as National Highways, 30.2% occurred
on the Inter-Regional Highways and 18.9% on the Regional Highways.
Trafﬁc ﬂow data including Average Daily Trafﬁc (ADT) was
obtained from the Trafﬁc and Planning Unit of the Ghana Highway
Authority (GHA) for the different road corridors for the study. Trafﬁc
volume for all the road categories considered ranged from 347 to 8948
vehicles per day.
3.5. Procedure for speed measurement
Speeds measurements were made with a radar gun at not less than
three (3) locations within each segment in order to get a representative
speed for the segments which oftentimes were un-homogenous. The
data collection teamwas stationed in aparkedvehicle andused the speedgun to measure spot speeds of vehicles. Effort was made to measure the
speeds of all passing vehicles. In a situationwhere therewas a platoon of
vehicles, only the lead vehicle in the ﬂeet was measured since vehicles
following in a platoon do not travel at their desired speeds. Mean speeds
of 83.5 km/h, 81.3 km/h and69.2 km/hwere recorded onNational, Inter-
Regional and Regional highways respectively.
3.6. Road characteristics and geometric data
Field surveys were carried out by a trained data collection team led
by the Project Leader for all selected road segments for the purpose of
establishing the road characteristics. Measurement of link length was
done on site. Carriageway and shoulder widths were also measured
on site and at more than two (2) locations within a link in order to get
a representative ﬁgure for the entire segment. The variables presented
in Table 3.1 were collected for the study.
Accesses were deﬁned as any road connecting a private property
to a public road. Junctions consisted of T-junctions, Y-junctions and
X-junctions within segments.
4. Model development
4.1. Multiple regression analysis
The main objective of modelling with several variables simulta-
neously was to permit greater insight into the relative effects of the
different highway variables on crashes. Modelling was undertaken at
two stages — the ‘core’ model and the ‘full’ model all within the
framework of Generalised Linear Models (GLMs). The ‘core’ model
included exposure variables only which in this case were the trafﬁc
ﬂow and section length. Apart from the fact that ‘core’ models have
the advantage of being simple in form, they are also useful as a rough
guide for identiﬁcation of locations with a high frequency of crashes
(blackspots), as well as for the prediction of the effect of trafﬁc ﬂow
changes on crash occurrence [9].
It is also important to know that there are a large number of
variables apart from trafﬁc ﬂow and length that might contribute to
crashes. These variables will not be in the list of factors included in the
‘core’ model. The ‘full’ model which was developed included a wider
range of other important causal variables.
Following the knowledge established from the review of previous
work the general form of the ‘core’ and ‘full’ models developed under
this study were:
‘Core Model’ — exposure variables only.
E Yð Þ = aoLa1Qa2 ::: ::: ::: ::: ::: ð4:1Þ
Table 4.1
Description of variables and symbols used for crash prediction models.
No. Variable
name
Description Variable type Symbol
1 lnvolume The logarithm of
average daily trafﬁc
Continuous Q
2 lnlengthkm The logarithm of link
length (km)
Continuous L
4 juncdensity Junction density Continuous JDen
5 terraintype Terrain type Categorical
(1 — ﬂat, 0 — otherwise)
TerTyp
6 presenc~ment Presence of village
settlement
Categorical
(1 — present, 0 — absent)
VSet
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multiplied by an exponential function incorporating the remaining
explanatory variables.
E Yð Þ = aoLa1Qa2exp∑jbjxj ::: ::: ::: ::: ð4:2Þ
where:
E(Y) predicted crash frequency,
L section length (km),
Q ADT (per day),
xj is any variable additional to L and Q , and
exp exponential function, e=2.7183
a0, a1, a2, bj are the model parameters.
In accordance with the GLM framework, Eqs. (4.1) and (4.2) are
transformed into the prediction mode using a log-link function as
follows:
‘Core Model’
ln E Yð Þ½  = ln aoð Þ + a1ln Lð Þ + a2ln Qð Þ: ::: ::: ::: ð4:3Þ
‘Full Model’
ln E Yð Þ½  = ln aoð Þ + a1ln Lð Þ + a2ln Qð Þ +∑jbjxj: ::: ::: ð4:4Þ
4.2. Modelling procedure
The mean and variance for the crash data were 3.96 and 8.28
respectively which indicated that the data set was over-dispersed
since the variance is greater than the mean. Initial modelling using
Poisson error structure also showed that the estimated dispersion
parameter (Φ) deﬁned as:
Φ=
Pearson χ2
N−pð Þ ::: ::: ::: ::: ::: ð4:5Þ
where N is the total number of sections and p is the number of
parameters in the model was greater than one (1) indicating that the
data set was over-dispersed [27]. That means Poisson distribution is
not capable of explaining the true distribution underlying the crash
frequency.
Generalised Linear Model (GLM) was used to estimate the model
coefﬁcients using the STATA software package and assuming a
Negative Binomial error distribution, all consistent with earlier
research works in developing these models. By specifying the
dependent variable, the explanatory variables, the error structure
(in this case the Negative Binomial) and the link function (in this case
log), the model is ﬁtted. Model parameters (coefﬁcients) were
estimated using maximum likelihood approach. The procedure
which was adopted in the model development was the forward
procedure in which the variables were added to themodel one by one.
4.3. Model evaluation
In consonance with earlier studies, the decision onwhich variables
should be retained in the model was based on two criteria. The ﬁrst
criterion was whether the t-ratio of the estimated parameter was
signiﬁcant at the 95% conﬁdence level (p-value less than 5%). The
second criterion was whether the addition of the variable to the
model cause a signiﬁcant drop in the scaled deviance at the 95%
conﬁdence level.
Two statistical measures were used in assessing the validity of the
model developed. These were the Pearson Chi-square statistic and
Deviance statistic. The coefﬁcient of determination (R2) was alsoemployed to determine the amount of variability in the response
variable explained by the variation in the selected set of explanatory
variables. The R-squared estimation was carried out by the method
recommended by Miaou [24].
4.4. Variables included in the model
Although a large number of variables were collected and
considered for inclusion in the ‘full’ model development, only
variables with signiﬁcant estimated parameter coefﬁcients (p-values
less than 5%) were maintained in the model. This method is similar to
the one used by Vogt and Bared [28]. The variables shown in Table 4.1
were thus, used in the full model development.
5. Model results and interpretation
5.1. ‘Core’ model
Parameter estimations for the log-linear equation for the ‘core’
model using Negative Binomial error structure are as shown in
Table 5.1.
The resulting ‘core’ model has been determined to be as follows:
E Yð Þ = 0:1 × L0:3666 × Q0:3711
where:
E(Y) expected crashes along the road segment for 3 years,
L length (km) of road segment and
Q Average Daily Trafﬁc (ADT)
The goodness-of-ﬁt statistics for the model shows that the model
ﬁts reasonably well with the data. The Pearson Chi-square and
Deviance statistics divided by its degrees of freedom were estimated
to be 1.09 and 1.06 respectively as shown in Table 5.1. The values are
within the permissible range [25] of 0.8 and 1.2 indicating that the
Negative Binomial distribution assumption is acceptable.
The Average Daily Trafﬁc (ADT) and segment length were
statistically signiﬁcant (pb0.05) with positive estimated model
parameters in the ‘core’model. This indicates that the crash frequency
increases with an increase in the trafﬁc ﬂow or segment length whilst
the other variables are held constant. The exponent on segment
length was 0.37. Since distance travelled is a measure of exposure, it
follows that the more distance travelled, the more likely one is
involved in a crash. The exponent on trafﬁc ﬂow (ADT) was also
estimated to be 0.37. This ﬁgure seems to be small when compared
with other studies elsewhere [25,28,29] and considering the impor-
tance of trafﬁc ﬂow as a major determinant of road trafﬁc crashes. Qin
et al. [29] when they analysed different crash types found the lowest
exponent of 0.4 on Average Annual Daily Trafﬁc (AADT) when they
considered only single-vehicle crashes. In the crash statistics on rural
highway segments sampled for the study, over two-thirds (68.1%)
Table 5.1
Parameter estimation for ‘core’ model as estimated by STATA statistical software.
Log likelihood=−163.89315
Variable Coefﬁcient Standard
error
Chi-square
statistic, Z
PN Z 95% conf. limits
Lower Upper
lnvolume 0.37107 0.09064 4.09 0.000 0.1934 0.5487
lnlength 0.36661 0.14182 2.59 0.010 0.0887 0.6446
_cons −1.92725 0.73210 −2.63 0.008 −3.3621 −0.4924
Goodness of ﬁt measures: deviance (value/d.f.)=77.7200 (1.0647); Pearson chi-square
(value/d.f.)=79.62985 (1.09082).
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exponent value for the ADT.
Using the R-squared value, the variables in the ﬂow based model
(‘core’ model), namely trafﬁc ﬂow and segment length could only
explain 31.3% of the total variation in the crash data. According to
Salifu [9], ‘core’ models may be regarded as relatively coarse and
rough estimators of crash frequency.
5.2. ‘Full’ model
Parameter estimations for the log-linear equation for the ‘full’
model using negative binomial error structure are as shown in
Table 5.2.
The resulting ‘full’ model has been determined to be as follows:
E Yð Þ = 0:1847 × L0:5060 × Q0:2479 × EXP 0:2779 JDen+0:4551 TerTyp+0:4717 VSetð Þ
where:
E(Y) expected crashes along the road segment for 3 years,
L length (km) of road segment and
Q Average Daily Trafﬁc (ADT)
JDen Junction Density
TerTyp Terrain Type (1 — ﬂat, 0 — otherwise)
Vset Presence of Village Settlement (1 — present, 0 — absent)
EXP Exponential function, e=2.718282.
The goodness-of-ﬁt statistics for the full model shows that, the
model ﬁts reasonably well with the data. The Pearson Chi-square and
Deviance statistics divided by its degrees of freedom were estimated
to be 0.81 as shown in Table 5.2. In other words, the estimated values
of the Pearson Chi-square and Deviance divided by the degrees of
freedom were within the permissible range (i.e. between 0.8 and 1.2)
indicating that the Negative Binomial distribution assumption is
acceptable.
The R-squared value for the full model seems to be reasonable as it
could explain 61.2% of the variation in the crash data. Dissanayake and
Ratnayake [25] have said the coefﬁcient of determination is signiﬁcantTable 5.2
Parameter estimation for ‘full’ model as estimated by STATA statistical software.
log likelihood=−143.43250
Variable Coefﬁcient Standard
error
Chi-square
statistic, Z
PN Z 95% conf. limits
Lower Upper
lnvolume 0.24793 0.81300 3.05 0.002 0.0886 0.4073
lnlengthkm 0.50599 0.13304 3.80 0.000 0.2452 0.7667
juncdensity 0.27786 0.14124 1.97 0.049 0.0010 0.5547
terraintype 0.45512 0.12866 3.54 0.000 0.2030 0.7073
presenc~ment 0.47174 0.13591 3.47 0.001 0.2054 0.7381
_cons −1.68896 0.64160 −2.63 0.008 −2.9465 −0.4315
Goodness of ﬁt measures: deviance (value/d.f.)=56.8476 (0.8121); Pearson chi-square
(value/d.f.)=56.67047 (0.80958).if found to be greater than 0.45. Approximately 39% of the systematic
variations in the data set remain unexplained by the model
developed. The ‘percentage unexplained’ may be attributed to
human behaviour which has increasingly been acknowledged as
one of the predominant factors in road trafﬁc crashes and factors
relating to the vehicle.
5.2.1. Signiﬁcant explanatory variables
The following sections consider the signiﬁcant variables identiﬁed
through the ‘full’ model results.
5.2.1.1. Trafﬁc ﬂow and safety. The Average Daily Trafﬁc (ADT) in the
‘full’ model was also signiﬁcant with positive estimated model
parameter. From the model, an increase in the trafﬁc ﬂow by 50% is
expected to cause an increase in road trafﬁc crashes by 11% whilst
doubling the number of vehicles on the road is expected to cause an
increment of 19%.Meanwhile, the proportions of heavy goods vehicles
were found not to have a signiﬁcant effect on crashes in this study.
5.2.1.2. Road segment and safety. The length of road segment, the other
important exposure variable aside trafﬁc volume was the most
signiﬁcant predictor in the ‘full’ model with a positive estimated
exponent of 0.51. This was as expected as distance travelled is a
measure of exposure therefore it follows that the longer the distance
travelled, the more likely one is involved in a crash.
5.2.1.3. Junction density and safety. The number of junctions per unit
length within a road segment has a considerable inﬂuence on the
crash risk as indicated by the estimated model parameter. In general,
the more the number of junctions per unit length of segment, the
higher the crash risk. For example, for all other variables held
constant, adding one junction to 1 km section of road segment
increases crashes by 32.0%. The number of junctions on a highway
should therefore be limited to carefully designed ones to improve
road trafﬁc safety in Ghana.
5.2.1.4. Terrain type and safety. The analysis suggests that, ﬂat terrains
record more injury crashes when compared with rolling or hilly
terrains. An increase of 57.6% in injury crashes occurred at links with
ﬂat terrain compared with links with rolling or hilly terrain. This
probably had to do in part, with the fact that drivers tend to travel at
higher speeds on straight and ﬂat road sections than on rolling or hilly
terrains.
5.2.1.5. Presence of village settlement and safety. The explanatory
variable for presence of village settlement proved to be very
important in the model. An increase of 60.3% in injury crashes were
found for sections which had a village settlement within them
compared with segments with no settlements.
From the crash data used in the model development, 90 (29.9%)
were ‘hit pedestrian’ collisions of which 81.1% occurred in the
settlement areas. It was presumed that the variable ‘presence of
village settlement’ represents the level of pedestrian interference
with vehicles on the highways. The interaction between fast moving
vehicles and pedestrians is undesirable and contribute to the high
number of injury crashes in the settlement areas. More fatal
pedestrian collisions have been reported in the village settlements
along the major highways in Ghana [30].
5.2.2. Non-signiﬁcant explanatory variables
The following sections also look at the variables which were
considered but were not signiﬁcant in the ‘full’ model results.
5.2.2.1. Horizontal and vertical curves. Horizontal curvature has been
found to inﬂuence road trafﬁc crashes in other studies [31,32].
Sharper and longer curves results in more crashes because of the
39W. Ackaah, M. Salifu / IATSS Research 35 (2011) 34–40additional effort required by the driver to control the stability of the
vehicle. Again, studies have shown that reducing gradients reduces
the number of crashes [31,32]. The absolute number of curves per
segment length used in this study did not capture the effect of the
individual degrees of curvatures of the curves. Construction plans
(horizontal and vertical proﬁles) for most of the roads selected for the
study were not readily available for the curvatures to be extracted
from them. Attempt to use the tract function of a Global Positioning
System (GPS) device to measure tracks along the road segments from
which the vertical and horizontal curvatures could have been
calculated proved futile. It was found that the data were not of
sufﬁcient completeness or accuracy to be included in the analysis as in
particular, the vertical curvature of relatively ﬂat sections was often
lost. Fletcher et al. [8] also experienced a similar difﬁculty. This may
explain why both vertical and horizontal curvatures did not show to
be statistically signiﬁcant in the study.
5.2.2.2. Speed. Recent studies have concluded that crash involvement
increases with speed on any particular road or for any particular
driver [18,33,34]. Mean speedwas not a useful explanatory variable in
this study as it correlated highly with the variables presence of village
settlement and terrain type. Standard deviation speed and 85th
percentile speed were also tested in the model but were not
statistically signiﬁcant.
5.2.2.3. Presence of shoulder, shoulder type, shoulder width and road
width. The effect for the variable presence of shoulder on crash rates
could not be assessed as there was no variability in the data collected
as the entire road links sampled had shoulders. Shoulder type has also
been found in other studies to be important in terms of stability of
vehicles when a vehicle goes off the road. However, the variable
shoulder type did not prove to be a useful explanatory variable as it
correlated with trafﬁc ﬂow. Adequate shoulder width has also been
established to be necessary for safe recovery when vehicles veer off
the road [32]. The variable shoulder width was not statistically
signiﬁcant when data from all segments (which included paved and
unpaved shoulders) was used in the model. This may be explained by
the fact that paved and unpaved shoulders have different effect on
crashes. Two-thirds (n=51) of the segments had paved shoulders
while one-third (n=25) had unpaved shoulders. Efforts to develop
models for the sub-groups (paved and unpaved) also did not yield any
signiﬁcant results as the range of paved shoulder width encountered
was limited (2.0 m, 2.2 m or 2.5 m) and the sample size for unpaved
shoulders was small.
Generally it has been found that crash rates decrease when lane
width increases [28,32]. However, road width was not found to be a
useful explanatory variable in this study as it also correlated highly
with trafﬁc ﬂow.
5.2.2.4. Road marking. Marked roads have been found to be safer than
unmarked roads [8]. Most of the road segments sampled were
delineated (n=62, 82%) while only a few (n=14, 18%) had no
marking. The comparative small sample size may have resulted in this
variable not being a signiﬁcant explanatory variable in this study.
6. Conclusions and recommendations
6.1. Conclusions
Statistical models have been developed to predict crashes on rural
highways in the Ashanti Region of Ghana. Generalised Linear Model
(GLM) with Negative Binomial (NB) error structure was used to
estimate themodel parameters. Two types of models, the ‘core’model
which included key trafﬁc exposure variables only and the ‘full’model
which included a wider range of variables were developed.From the model developed, trafﬁc ﬂow, segment length, junction
density, terrain type and presence of village settlement within road
link are signiﬁcant explanatory variables that inﬂuence the prediction
of injury crashes on the rural highways in the Ashanti Region of
Ghana. The study proved that, passing a highway through settlement
areas, trafﬁc volume, provision of long straight and ﬂat sections and
increasing number of junctions per unit road length tend to worsen
road trafﬁc safety.
Road and Trafﬁc Engineers and Planners can apply the crash
prediction model as a tool in safety improvement works and in the
design of new safer roads.
6.2. Recommendation
From the model developed and subsequent discussions above, the
following recommendations are drawn:
Safety situations on the highways should be improved through
the provision of by-passes around the village settlements.
The number of junctions on a highway should be limited to
carefully designed ones to improve road trafﬁc safety in Ghana.
Road Engineers should as much as possible avoid provision of
long straight and ﬂat sections on highways to improve trafﬁc
safety. Intermittent graceful curves could be introduced to break
the monotony.
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